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Hurricane Ida struck the U.S. East Coast in August 2021, pushing the
Schuylkill River in Philadelphia to a record discharge nearly 100 times
larger than its average flow. As one of the most severe disasters of the
21st century, Ida exemplifies the increasing frequency and intensity of ex-
treme hydrometeorological events under climate change. Predicting ur-
ban flood pathways remains challenging due to the complex interplay of
rainfall-runoff and river—tide—landscape interactions. To address this, we
developed a high-resolution (street-resolved) flood model integrating Li-
DAR terrain data, bathymetric surveys, and land use-based surface fric-
tion across Philadelphia. We find that impervious surfaces and fragmented
infrastructure exacerbate pluvial flooding and localized waterlogging, in-
creasing exposure for both low- and high-income communities. Scenario-

based simulations reveal a tipping point: a logarithmic increase in inunda-
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tion areas for return periods above 100 years, and 2-7% additional flooding
when peak discharge coincides with high tide—rising to up to 15% under
projected sea level rise by 2100. Our findings underscore the compound-
ing impacts of climate extremes in urban river systems and the need for
integrated forecasting and adaptive planning—particularly in vulnerable,

low-lying, and rapidly urbanizing regions worldwide.

Introduction

Hurricane Ida made landfall as a Category 4 hurricane in Louisiana on August 29, 2021, un-
leashing strong winds, storm surges, and intense rainfall that devastated the Gulf Coast .
As it moved inland, remnants of the storm and seven tornadoes that struck Philadelphia
between September 1-2 triggered an unprecedented discharge and a 1-in-100-year flood
along the Schuylkill River, causing widespread damages. Extreme hydrometeorological
events (EHMEs) like Ida have caused average global losses of $136.7 billion annually
(2003-2022) 4, surging to over $350 billion in 2024 alone®. Rain-driven floods are ex-
pected to intensify with climate extremes and expanding urbanization, which constrains
rivers and alters floodplain dynamics’:8:9:10, |n tidally influenced rivers, sea-level rise
(SLR) and stronger tropical cyclones further amplify flood severity and human vulnerabil-
ity 11:12:13:14 Guyrrently, 13.3% of the U.S. population—over 40 million people—is exposed
to 1-in-100-year floods . However, future flood risks in urban and coastal areas remain

poorly quantified 18171819 hindering effective mitigation 1920,

Philadelphia exemplifies
this challenge: as the third-most populous east coast city in the U.S. (1.5M residents), it
is bounded by the Delaware River to the east and bisected by the Lower Schuylkill River
(Fig. 1A-C).

The Schuylkill River rushes through bedrock rapids as it enters Philadelphia, transi-
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tioning from piedmont to coastal plain, where urban development is concentrated?!. His-
torically, the Schuylkill functioned as both sewer and navigation routes during the 19th
century, supporting Philadelphia’s rapid industrial and population growth?2. By the 20th
century, flood-control measures—channelization and levee construction—were introduced
to reduce mounting flood risks23, such as Fairmount Dam. These interventions enabled
dense riverside development but also severed the river's connection to its natural flood-
plain, diminishing its ability to absorb and regulate extreme events. Meanwhile, average
annual discharge of the river (25-160 m3/s) has increased since 1931, typically peaking in
spring but now showing more frequent and extreme autumn peaks from hurricane inten-
sification under climate change242%:26_ Current infrastructure struggles with intensifying
EHMEs, as demonstrated by Hurricane Ida. A broader knowledge gap persists in under-
standing how urban rivers, especially those tidally influenced, respond to compounding
stressors like EHMEs and SLR. This challenge extends far beyond Philadelphia, affecting
cities worldwide where fluvial-tidal interactions remain poorly understood but can amplify

flood impacts 27+28:29:30:31

. While hydrodynamic models hold promise for urban flood fore-
casting and resilience planning, several challenges remain: limited availability of detailed
terrain data, sparse observations for model calibration, difficulties in integrating heteroge-
neous datasets, and trade-offs between computational efficiency and storage for fine-scale

simulationg 32:33:34;35

Here, we develop a high-resolution flood modeling framework for the Philadelphia-Schuylkill

system, employing the GPU-accelerated LISFLOOD-FP numerical framework 36:37:38:39:40
to resolve street-level inundation dynamics. Our findings reveal a dual amplification of flood
risk driven by urbanization: impervious surfaces increase runoff by reducing infiltration,
while engineered infrastructure forms drainage bottlenecks that impede flow toward ma-

jor waterways. We also identify Hurricane Ida’s disproportionate impact on both low- and
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high-income populations, who experienced comparable flood exposure—underscoring the
need for targeted protection of vulnerable communities. We find that the Schuylkill River’s
current 100-year flood capacity (Q1gg ~ 3,480 m?3/s) represents a tipping point: surpass-
ing it triggers nonlinear increases in inundation extent. Additionally, climate change has
compressed return periods—flows once considered 1-in-50-year events (e.g., 2,000 m3/s
in the 1950s) now occur statistically every three years. Rainfall and topography primarily
govern flood patterns, whereas tidally modulated downstream water levels can further ex-
pand inundation in riparian areas. While these findings provide critical guidance for urban
planners and policymakers in Philadelphia, the challenges we uncover and tackle are in fact
representative of riverine and coastal cities globally4?, each influenced by their own distinct

environmental and socio-economic contexts.

Results
Modeling framework

Our model integrates the city’s first 5-m LiDAR-derived terrain model and the latest Schuylkill
River bathymetry survey to best calculate flow direction. Surface roughness is then cal-
ibrated from National Land Cover Datasets based on the relationship between frictional
Manning coefficients and land use (Materials and Methods). The model solves the inter-
action of upstream river flow, downstream tidal elevation, and rainfall across the domain,
as three primary boundary conditions. The outputs include water depth, flow velocity and
discharge.

To validate the model’s ability to reproduce flooded areas within the floodplain, we used
citizen-reported data, drone and satellite images, and on-site observations*2. Drone im-

ages from Hurricane lda closely match the model’s outputs, especially along the east bank
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Figure 1: Map of research area and flood inundation of the Center City validated by drone
images. (A) The location of Philadelphia in the US. (B) Research area in Philadelphia
overlaid with Open Street Map. (C) Surface elevation of the study area. (D) Flood inun-
dation map based on the Digitial Surface Model (DSM) with railway lines overlaid. (E1 -
E5) Drone images with identifiable landmarks were collected from social media, illustrating
the actual inundated areas: (E1) the area in front of the Fountain of the Sea Horses near
the Philadelphia Museum of Art42; (E2) Vine Street Expressway; (E3) Amtrak rail yards;
(E4) in front of the Aramark Global Headquarters; (E5) the Schuylkill Boardwalk, which is
nearly submerged; (E2 - E5 were sourced from online media*® and photographed by Mark
Henninger).

of the Schuylkill River near Center City. The model effectively reproduce severe flooding in
Fairmount Park, near the Philadelphia Museum of Art, Vine Street, and the Schuylkill Trail
(Fig. 1D-E). We estimated flood extent and magnitude using satellite imagery and hydro-
dynamic in situ measurements (Materials and Methods), finding that the model reproduces

68% of flooded areas in urban areas and over 90% of river discharge and water level along

the channel.
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Uncovering Ida flood footprint in Philadelphia

Like many cities built along tidally influenced rivers, Philadelphia’s flood severity is shaped
by three key factors: watershed rainfall, river discharge, and tidal surges. The Fairmount
Dam marks the upstream tidal limit of the Schuylkill River (Fig. 1C). Downstream, the tidally
affected reach flows between Center City to the east and major hospitals and universities
to the west, flanked by dense transportation infrastructure (Fig. 1D). Our analysis reveals
that the east bank is particularly vulnerable to flooding due to its lower elevation, direct
connectivity to roadways and tunnels, and localized erosion. This risk is most pronounced
in the central region of the Lower Schuylkill (Fig. 1D).

Flooding also significantly impacted transportation infrastructure. Nearly all railway ad-
jacent to the river experienced disruption: east bank lines, situated closer to the channel,
were primarily affected by overbank flow, while west bank lines were more susceptible to
intense rainfall (Fig. 1E3-5). The convergence of fluvial and pluvial drivers created a sub-
stantial hazard, particularly along the east bank, with floodwaters extending into the urban
core.

But why was Hurricane Ida’s impact in Philadelphia so severe? Extensive impervious
surfaces and pre-saturated soils likely intensified surface runoff, increasing river discharge.
These conditions highlight the role of urbanization and antecedent hydrometeorological

states in amplifying flood severity during extreme events.

Urbanization and Prior Hydrometeorology Shaping Flood Risk

To examine the role of urbanization in the flood severity, we conducted numerical simula-
tions of the Lower Schuylkill River during Hurricane Ida (September 1-3, 2021) using two
digital elevation models: a bare-earth Digital Terrain Model (DTM) and an infrastructure-

inclusive Digital Surface Model (DSM) (Fig. 2A-B). The DTM-based simulation reveals
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more extensive riverine flooding, with surface runoff naturally concentrating along topo-
graphic lows and channel networks. In contrast, the DSM simulation—incorporating build-
ings, roads, and levees—exhibits less overbank flooding but broader distributed inundation

across the urban landscape.
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Figure 2: Inundation map resulting from Hurricane Ida using different elevation models.
Flood inundation based on DTM (A) and DSM (B) at 9 a.m. on September 2, 2021, shown
as the red point in (C). (C) Time series of average rainfall for the whole upstream watershed,
river discharge at the upstream boundary condition, and tidal elevation at the downstream
boundary condition. The numbers along the discharge line correspond to four distinct peaks
in river discharge, with the adjacent doughnut charts illustrating the respective runoff coeffi-
cients. Each complete doughnut chart represents the cumulative rainfall leading up to each
peak, while the blue-shaded portion depicts the proportion of that rainfall converted into
surface runoff. The light orange-shaded area marks the occurrence of the extreme event,
which took place between September 1 and September 3, 2021.
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This spatial pattern reflects two key effects of urbanization. First, engineered riverbanks
and levees constrain lower-Return-Period floods, reducing overtopping and limiting flood-
plain spread. Second, impervious surfaces and built structures impede drainage, trapping
water in depressions and generating localized, stagnant flooding. These shallow inunda-
tions disproportionately affect pedestrian and vehicular mobility in low-lying urban neighbor-
hoods. Overall, the DSM scenario (Fig. 2B) results in a 30% increase in inundated area and
an approximately 8% increase in downstream river peak compared to the DTM (Fig. 2A),
underscoring the compound influence of urban form and topography on flood hazards in
cities like Philadelphia.

In addition to reduced infiltration caused by urbanization, antecedent soil moisture criti-
cally influences flood severity during EHMEs. Prior to Hurricane Ida, two moderate storms
(events 1 and 2 in Fig. 2C) progressively saturated the watershed. We assessed infiltration-
runoff dynamics using the runoff coefficient (C), defined as the fraction of precipitation con-
verted to surface runoff. Four discharge peaks were analyzed: “peaks 1” and “2” before Ida,
“peak 3” during the main flood, and “peak 4” after recession. Although rainfall before “peak
2” was lighter than before “peak 1”, it generated more runoff, indicating that the four-day dry
interval was insufficient for soil to recover infiltration capacity. This suggests that soils were
already near saturation three days before Ida. Consequently, nearly all rainfall during the
main event was converted to runoff. While cumulative rainfall before “peak 3” was only 5.5
times that of “peak 27, river discharge was 23.2 times greater, corresponding to a peak C of
92.1%. One week later, C dropped below 12.0%, signaling a return to baseline hydrologic
conditions. These findings highlight the critical role of antecedent hydrologic conditions in
shaping EHME-induced flooding. Ignoring pre-event soil moisture can lead to substantial
underestimation of runoff and flood severity in urban flood models.

The strong influence of both urban form and hydrologic state on inundation patterns
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raises a pressing question for climate adaptation: Who is most at risk during extreme
weather events? This concern is especially acute in densely populated cities with socio-
economic disparities and aging infrastructure, where compound flooding can exacerbate

vulnerabilities and amplify inequities.

Flood Inequality and Economic Impacts in Philadelphia

We quantified individual-level flood risk using a Socioeconomic Vulnerability Index (SEVI)
that averages eight indicators—housing burden, language, educational attainment, age,
race, employment status, and pover‘[y—following44 (Fig. 3A; Materials and Methods). The
SEVI serves as a proxy for socioeconomic status and stratifies residents into five groups.
Across groups, housing burden, low educational attainment, and racial discrimination con-
tribute most, whereas age contributes least in this study site.

Our analysis reveals that both the lowest and highest SEVI groups are disproportion-
ately vulnerable to flooding. Despite accounting for relatively small shares of the total inun-
dated area, these groups exhibit the highest rates of population exposure—over 20% in both
cases (Fig. 3B). For high-SEVI communities, heightened exposure likely stems from insuffi-
cient flood preparedness and systemic neglect of environmental protections45. In contrast,
low-SEVI populations, face increased flood risk due to extensive impervious surfaces and
localized land subsidence—measured at 1-3 mm per year—driven by groundwater with-
drawal and compaction from dense infrastructure46:47:48  While proximity to water bodies
offers low-SEVI residents recreational and aesthetic benefits, it also amplifies their expo-
sure to fluvial hazards. Moreover, flooding in these economic hubs, such as Center City,
can lead to substantial indirect losses, including business disruptions, and infrastructure
damage that delay post-disaster recovery.

In terms of total flood-affected area, the 40-60% SEVI group experienced the most

10
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widespread inundation, reflecting that the majority of census tracts within this study site
fall in this socioeconomic vulnerability range in Philadelphia relative to Pennsylvania. Be-
yond these densely populated regions, urban green spaces such as Fairmount Park and
FDR Park serve a dual function: providing essential recreational and cultural access while
acting as natural hydrological buffers. These parks mitigate downstream flood impacts by
absorbing and temporarily storing stormwater. However, during sequences of moderate
rainfall followed by extreme events, their storage capacity may be exceeded, contributing to
elevated surface runoff and intensified flood severity.

To better assess the economic and financial damages caused by Hurricane Ida in
Philadelphia relative to other regions of Pennsylvania, we estimated the zipcode-level im-
pact using U.S. Small Business Administration (SBA) disaster loan data*®°0. This analysis
reveals a pronounced disparity in Ida’s economic effects across Pennsylvania: on average,
verified losses were significantly higher in Philadelphia, USD 160,061 per zipcode, while
approved SBA disaster loans increased by only USD 13,997—a statistically non-significant
difference (Fig. 3D). These results indicate that, although Philadelphia sustained dispropor-
tionately greater damage, monetary support did not scale with the magnitude of its losses.
The divergence between verified losses and loan disbursements points to structural limits
in post-disaster financial mechanisms, particularly in dense urban areas where exposure
and damage intensity are greatest.

These estimated impacts were further used to assess the disaster’s financial implica-
tions®!. Across a range of discount and default rate sensitivity scenarios, the resulting net
present values (NPVs) remain consistently negative, ranging from USD 19.9 to USD 21.4
million. From a societal perspective, Hurricane Ida imposed a significant and persistent wel-
fare loss on Philadelphia, only partially offset by existing governmental credit-based relief.

Together, these findings underscore the disproportionate economic exposure of urban cen-

11



197 ters, such as Philadelphia, to climate extreme disasters and their limited financial resilience

s even under dedicated federal assistance programs.
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Figure 3: Effect of socioeconomic situation on flood inundation and economic conse-
quences of this event. (A) Eight components of different socioeconomic vulnerability indices
(SEVI) and their contributions in different SEVI groups. The values for each component rep-
resent the average values within each SEVI group (see Materials and Methods). Here, a
higher SEVI indicates more impoverished socioeconomic situation. (B) Inundation percent-
ages and areas of different SEVI groups for this 2021 flood event. SEVI groups exclude
the census tract with a population density less than 10 people per square kilometer, shown
as the gray region in panel C. (C) Inundation in regions with different SEVI. Different color
indicates different SEVI groups shown in panel B. The most affected groups (0-20% and
80-100%) are highlighted with red boundaries. (D) Verified losses and approved loans in
Pennsylvania Pre- and Post-lda Hurricane. Data from Small Business Administration US at
the zipcode-year level.
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Outlook for Future Floods

Schuylkill in a changing climate

We analyzed return periods for the Schuylkill River over the past century (Materials and
Methods) and identified the 2021 flood as the largest fluvial event on record. The relation-
ship between discharge and return periods follows a logarithmic trend, which we used to ex-
trapolate peak flows for more extreme events (Fig. 4A). A more detailed examination of an-
nual peak flows reveals a sustained upward trend, particularly for high-return-period events.
Frequency analyses of successive 20-year periods confirm this intensification (Fig. 4B—C),

providing direct evidence of climate-driven extremes in the local hydrologic regime.
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Figure 4: River discharge and flood inundation across different return periods. River dis-
charge frequencies for the Schuylkill River are analyzed over the past century (A) and by
every 20-year interval (B), with return periods estimated using the annual maxima series
and the Weibull plotting position formula. Logarithmic trend line follows Q = g; In(r) + b;, with
coefficients’ values shown in panel (C); for the full period, ag = 667 m3/s, bg = 416 m3/s.
All fits yield Ri2 > 0.93. Gray shaded areas indicate 95% confidence intervals.

To assess the implications of these trends, we simulated flood inundation across eight
synthetic hydrographs, representing return periods from 5 to 5000 years. These were gen-
erated using the extrapolated discharge relationship Q = ag In(r) +bg and a standardized hy-

drograph based on historical events. Six cross-sections—three upstream and three down-
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stream of Fairmount Dam—were selected to evaluate spatial variations of the City-River
interface in response to the flood (Fig. 5A). River levels rise predictably with increasing
discharge, but a sharp inflection occurs near the 100-year threshold. Below this threshold,
floodwaters are typically contained within engineered riverbanks; above it, inundation ex-
pands rapidly in a logarithmic fashion (Fig. 5B), revealing the nonlinear escalation of flood
hazard.

This nonlinear behavior is tightly linked to local topography and human infrastructure.
During events with return periods shorter than 100 years, floodwaters remain largely con-
fined by steep channelized banks and auxiliary structures such as raised terraces and

refuge islands. However, floods of higher return periods exceed the capacity of both primary
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Figure 5: Cross sections and inundation extents of the Schuylkill River under different return
periods (RP). (A) Top-down view of the Schuylkill River showing six selected cross sections
near existing gauge stations. Three of these sections are situated upstream the of dam,
while the remaining three are downstream. The “Pre. water” area represents the initial water
level accumulated during the model’s spin-up process. (B) River flood inundation extents for
each RP, excluding the surface area of the Schuylkill River under pre-flood conditions. The
light orange shaded area illustrates the logarithmic range of inundation growth, indicating
that a critical flood threshold lies above the 100-year RP inflow.
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and secondary defenses, inundating wider urban areas (Fig. 5A, panels L1-L6). Given the
documented rise in extreme discharges (Fig. 4B—C), what is currently classified as a 100-
year flood may become significantly more frequent. This evolving threat is compounded by
tidal dynamics and sea level rise, which amplify overbank flooding and extend inundation

into areas previously deemed low-risk.

Tides and Sea Level Rise (SLR)

The interaction between the flood wave triggered by Hurricane Ida and a low but rising tide
(Fig. 2C, “peak 3”) raises the question of how downstream surface water elevation r(t)—
modulated by tides at short timescales and SLR over long timescales—influences flood
extents along the Lower Schuylkill River.

To quantify tidal influences, we performed spectral analysis of n(t) over a two-year pe-
riod, identifying dominant tidal constituents and their key properties: amplitude, phase, and
period. Semi-diurnal tides emerged as the primary drivers of variability, producing daily
fluctuations that shift with the 14.7-day spring—neap cycle. We also detected the annual
King tide, which sets extreme tidal conditions downstream of Fairmount Dam. Because
tidal stage and river discharge are statistically independent (Materials and Methods), we
applied harmonic analysis to reconstruct tidal behavior and assess compound flood risk
scenarios. We simulated worst-case flooding by combining the King tide with projected
SLR trajectories.

Under projected SLR scenarios for 2040 and 210022, a 100-year flood could inundate
an additional 10,000 m2 along the Schuylkill River, potentially affecting over 100 more city
blocks (Fig. 6A). To quantify the effect of extreme tide conditions on fluvial flooding, we com-
puted the difference of inundated areas driven by the highest and lowest tide amplitude over

a year. This difference increases sharply for return periods between 100 and 1000 years
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Figure 6: The impact of tidal phases and levels on inundation patterns and their combined
effect with river discharge under different return periods (RP). (A) The scatter plot shows
the average inundated area under 100-year RP river inflows, with dashed lines representing
the range of inundation caused by extreme tides conditions, i.e., between the lowest and the
King tide. In most cases, the largest inundated areas correspond to King tide conditions,
and the lowest areas align with the lowest tide. Projected sea level rise (SLR) is based on
localized estimates along the Delaware River, with increases of 0.5 meters by 2040 and 1.4
meters by 2100°2. (B) Differences in inundated area between King tide and the lowest tide
in 2021 are shown across various river inflow RPs. The King tide and the lowest tide were
aligned with the river discharge peak in the corresponding hydrograph for each simulation.
(C) Schematic diagram of the primary and secondary barriers. (D) Overbank flow distance
for various RPs river flows within the tidally affected section of the river. Distance along the
river (y-axis) is measured relative to the Farimount Dam. Bridge names on the right are
used for positioning.
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(Fig. 6B), primarily because the flood wave is less restricted after overtopping engineered
levees and spreads through floodplains before reaching secondary barriers (Fig. 6C). On
the west bank, natural terraces provide this secondary barrier, while on the east bank,
a combination of built structures and elevated landforms—especially in the river’s upper
reach—play this role. Once floodwaters reach the second barriers, the floodplain becomes
fully submerged, and additional tidal influence has limited effect, as indicated by the leveling
off of inundated area beyond the 1000-year return period.

Overbank flow analysis along the tidally influenced reach (Fig. 6D) reveals consistently
higher flood vulnerability on the east bank, corroborating both drone observations and
model results from Hurricane Ida. The west bank on the other hand, especially between
2 and 4.2 km, remains comparatively protected. A critical high-risk zone emerges near
2.2 km on the east bank, between the Vine Street Corridor (Fig. 1E2) and Market Street
Bridge, where SLR amplifies flood risk to underground transportation infrastructure. These
findings underscore the spatial variability of tide-modulated flood hazards and highlight the

importance of targeted, site-specific adaptation strategies along the Lower Schuylkill River.

Changing Storm Characteristics

Past studies®® have demonstrated that projected changes in tropical cyclone storm surges
add to sea level rise in increasing coastal risk along the U.S. mid-Atlantic coast. Using a
tropical cyclone down-scaling method driven by large-scale climate model simulations, Gar-
ner et al®3 found that increases in both hurricane intensity and hurricane size (as measured
by radius of maximum wind) contribute to increased likelihood of very large storm surges
with continued warming. They focused specifically on New York City’s Battery Park and the
likelihood of future Super storm Sandy-like inundation events, the return period of which is

estimated to decrease from ~25 years today to ~5 years mid-century in a fossil fuel inten-
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sive policy scenario. A similar analysis could be applied to the Schuylkill River catchment to
assess the combined role of sea level change and changing storm characteristics in future

projected coastal flooding risk for the Schuylkill watershed.

Discussion

Hurricane Ida produced record flooding on the Schuylkill—a nominal 1-in-100-year event.
Century-scale records show such extremes are becoming more frequent and intense, with
peak flows shifting from spring snowmelt to late-summer, often tropical, storms. These
trends demand climate-informed risk assessment.

Urbanization and wet antecedent soils amplify floods: impervious cover curtails in-
filtration and fragments flow paths, producing localized pooling rather than the channel-
ized flooding typical of rural basins®*. As heavy-rain bands penetrate inland®®, cities like
Philadelphia face more fluvial flooding—even without local rain. In our simulations, lev-
ees and embankments contain moderate events while buildings act as secondary barriers;
once flows exceed the 100-year level, inundation expands rapidly. Designed for station-
ary hydrology, these defenses underperform in a changing climate®6. A ~30 mm storm
(~ 2 mm/h) can take ~1 week to drain, so closely spaced storms saturate soils, boost
runoff, and stress stormwater systems. Despite omitting subsurface drainage, the model
reproduces Ida-driven flooding and identifies priority upgrade areas*®.

Our modeling framework®’ integrates land use, urban infrastructure, rainfall, river dis-
charge, and tides36:37:38:3%:40  pyt several gaps bound inference. Near-term upgrades
include spatially variable infiltration, explicit subsurface drainage, and wind effects on river
dynamics and surge3°. Evaporation was neglected given its small contribution (~0.3% of
basal discharge58). Morphology is static, though extreme flows can reshape channels9:60,

On the Schuylkill, suspended sediment concentration rises sharply once riverbed shear ex-
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ceeds ~24 Pa (discharge > 100 m3/s); sediment records cover less than 10 years (1959-
1968), underscoring monitoring gaps.

Given these bounds, compound controls remain decisive in the tidally influenced Lower
Schuylkill: risk spikes when river peaks coincide with high tide, and sea-level rise (SLR)
amplifies this hazard. With ~1.4 m SLR by 2100, a 100-year flood could expand inundation
by up to 15%, with larger increases for rarer events. Flood extent and pathways reflect
hydrology and the built environment; mapping these constraints reveals hotspots and areas
where riverine risk shifts to rainfall-driven flooding. Neighborhoods > 500 m from the river
generally face lower fluvial exposure, though local topography and drainage still govern
residual risk.

Effective risk reduction requires geographically tailored strategies. The east bank’s prox-
imity to major roads and transit concentrates riverine exposure; the higher west bank’s
flatlands and rail yards are more prone to pluvial flooding. Both high- and low-income
groups are exposed, but in different ways: higher-income riverfront and Central Business
District can face elevated exposure from subsidence and infrastructure loading, while lower-
income communities may lack preparedness resources and experience prolonged recovery,
including public-health risks from sewage contamination®':62. Quantitative assessments of
long-term socio-economic impacts (displacement, unemployment, educational disruption,
mental health) remain scarce*°.

Despite data constraints — especially acute in under-resourced region363;33?64 — hy-
drodynamic models remain essential for resilience planning under evolving hydrometeorol-
ogy. Rising peak discharges for a given return period and pervasive SLR argue for climate-

6566:67  Nature-based

adaptive, not fixed-in-time, infrastructure to attenuate flood waves
solutions (e.g., Fairmount Park and FDR Park as stormwater “sponges”) can cost-effectively

complement gray systems®8:69:70_ Expanding access to high-resolution topography, pre-
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cipitation forecasts, and high-performance modeling enables robust, real-time flood fore-
casting to protect vulnerable populations and critical assets. Philadelphia’s priorities are: (i)
compound-aware standards for capital projects (joint rainfall-river—tide—SLR design events;
updated maps/codes); (ii) green—gray hybrids—floodable open space and expanded stor-
age in Fairmount and FDR Parks—paired with hardened utilities and rail yards88:69:70; iii)
real-time forecasting using high-resolution topography and ensemble precipitation; and (iv)
equitable adaptation that directs investment where hazard intersects socioeconomic vul-
nerability, and prioritizes critical services in frontline neighborhoods. Closing sediment,
morphology, and drainage data gaps will reduce model uncertainty and sharpen prioritiza-
tion 69:66:67

We present a general approach to map flood risk from climate extremes in urban river-
ine systems. Using the Philadelphia—Schuylkill system as an exemplar, we show that com-
pound interactions among river discharge, tides/sea-level rise, and the built environment

recur across coastal cities, offering a transferable framework for site-specific, equitable

adaptation.
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Materials and Methods
Multidimensional Data Collection

River discharge upstream of the Fairmount Dam, at station PA-0147500, is obtained from
the USGS water database (https://waterdata.usgs.gov/monitoring-location/01474500/). Tidal

elevation downstream is available from a National Oceanic and Atmospheric Administration

(NOAA) tide gauge (PA-8543925) (https://tidesandcurrents.noaa.gov/noaatidepredictions.html).

Hourly precipitation grids were provided directly by the Office of Hydrological Development,
NOAA. 1-meter Digital terrain model (DTM), named as 3D Elevation Program (3DEP), was
available from USGS TNM Service (https://apps.nationalmap.gov/downloader/). Newly re-
leased LiDAR point cloud data, used to generate Digital Surface Model (DSM), is avail-
able from a Philadelphia LiDAR survey (https://geo.btaa.org/catalog/pasda-7154). River
bathymetry data was collected from the latest Lower Schuylkill survey provided by the
US Army Corps of Engineers Philadelphia (https://www.nap.usace.army.mil/Missions/Civil-

Works/Surveys/Projects/). Surface landscape is available from National Land Cover Database

(NLCD) 2021 (https://www.usgs.gov/centers/eros/science/national-land-cover-database). Cen-

sus tracts 2020, the boundary files of districts and watersheds in Philadelphia can be
downloaded from Open Data PHLmaps (https://data-phl.opendata.arcgis.com/datasets/).
Demographic data on census-tract level is available from 2017-2021 American Commu-
nity Survey 5-Year Estimates on U.S. Census Bureau (https://data.census.gov/table/). The
latest Environmental justice dataset can be downloaded from PA Department of Environ-
mental Protection (https:/gis.dep.pa.gov/PennEnviroScreen/). U.S. Small Business Ad-
ministration (SBA) dataset loss and loan datasets from 2000 to 2022 are available at
https://data.sba.gov/en/dataset/disaster-loan-data. The OpenFEMA dataset of disaster dec-

larations summaries can be downloaded from the official website of the U.S. Department
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of Homeland Security at https://www.fema.gov/openfema-data-page/disaster-declarations-

summaries-v2. The Sentinel-2 satellite image is available from Copernicus Browser (https://browser.dataspa

The road network dataset is available from U.S. Census Bureau, Department of Commerce

(https://catalog.data.gov/dataset/).

LISFLOOD-FP Model Description

LISFLOOD-FP numerical solver is a 1D-2D raster-based hydrodynamic model based on
the shallow water equations®’, which enable the modeling of spatially and temporally vary-
ing processes like precipitation and local water discharges; it can be directly downloaded
from Zenodo (https://zenodo.org/records/6912932). Here, we used the state-of-the-art ac-
celeration hydrodynamic solver LISFLOOD-ACC®” as a local inertial scheme to numerically
resolve the water flow throughout a uniform grid describing the urban landscape, the flood-
plain, and the river channel e.g.,”":72. This solver has been shown to have high fitting
accuracy with real inundations and runs with NVIDIA GPU cores to significantly enhance

the computational efficiency®”.

Watershed landscape and friction

The hydraulic resistance encountered by the river flow due to the land surface characteris-
tics and the riverbed’s composition is quantified by Manning’s frictional coefficient (n). This
coefficient exhibits spatial variability and undergoes minor temporal changes. To establish
the spatial distribution of the Manning coefficeint within our study area, we have leveraged
the United States Geological Survey (USGS) National Land Cover Dataset to analyze the
current land use foIIowing73?74. The determined Manning coefficient ranges from 0.027 to
0.160. This detailed mapping of the landscape friction allows capturing the subtle variability

in hydraulic resistance across the urban watershed of the Lower Schuylkill River.
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River Discharge Analysis

We conducted the frequency analysis to define return periods of the Schuylkill River by
analyzing historical peak discharge from 1931 to 2024. The data before 1990 used the
peak of daily average discharge due to the lower temporal resolution during that period,
resulting in a slight smoothing of the peak values. Data from 1991 onward utilized peak flow
values derived from 30-minute interval measurements. When comparing peak flows over
consecutive 20-year periods, the return period was recalculated, as its value is correlated
with the length of the dataset.

We used long-time series of river discharges to analyze the single-peaked hydrograph
of the Schuylkill River and further design flood hydrographs of more severe river scenarios.
The time when the river flow peaks is defined as the origin, with time values before and after
negative and positive, respectively. The river discharge was scaled to 0 to 1 based on its
proportion in the peak flow. The shape of a single-peaked hydrograph of the Schuylkill River
is generally similar, so we assumed self-similarity in extrapolating flood waves to higher
return periods. Rainfall intensities and associated river flows tend to follow the Gamma
distribution7°. However, this distribution does not capture the recession limb of river flows,
so exponential functions are used to model the withdrawal of flows /877 Two equations
based on the gamma distribution and exponential function, respectively, were used to fit
the shape of the hydrograph. The hydrograph for a higher return period is designed by
multiplying the fitted function by the calculated peak flow for a given return period based on

the “similar-shape” assumption.

Tidal Analysis

We used the Lomb-Scargle Periodogram Analysis, a spectral-density analysis method that

is suitable for unequally spaced datasets, to detect the frequency of periodic signals of the
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Schuylkill River within the latest two years of tidal elevation data’8. Our results showed that
the Schuylkill River is dominantly tidally modulated by the Lunar (M5) and the Solar (S»)
semidiurnal tides, and Ky and O4 diurnal tide. Thus, we used four Fourier modes to fit and
model the tidal elevation signal as a function of time:

4

1 =70+ S s [2n ¢ ;it") + CPi] , (1a)

to = To (TP = TPy), (1b)

where ng = 0.074 m. A, T;, and ¢; are the amplitude, period, and phase of each tidal
constituent. tg is 0 in the real flood case, yet it varies based on different TPs. TP; represents
a different tidal phase, while TP, equal to 0.42, is the phase during the real event. T in
Eq. 1b is a constant representing the semidiurnal period, approximately equal to 0.5 days.

To assess the relationship between river peak discharge and tidal levels, we computed
Spearman and Kendall rank correlation coefficients. Both values indicate statical signifi-
cance (Spearman =-0.124, p = 0.009; Kendall = -0.086, p = 0.007), yet their low magnitudes
(Jr] < 0.13) suggest a negligible association. Thus, the two variables can be considered ap-

proximately independent for modeling purposes.

Socioeconomic Vulnerability Index (SEVI)

The SEVI is the average value of eight socioeconomic components, which are percentile
values calculated for each census tract based on the distribution of all values across Penn-
sylvania**. We excluded low-population-density areas when analyzing inundation for dif-
ferent SEVI groups to avoid misleadingly favorable Socioeconomic conditions. The value
of the inundation percentage was calculated by dividing the total inundation area in each

SEVI group by the total census tract areas in the same SEVI group.
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The socioeconomic statistics were analyzed based on the 2010 census block groups
rather than the latest 2020 groups to ensure consistency, as specific components still rely
on the 2010 census geometries*4. However, since the latest demographic data is based on
2020 census block groups, we assumed that the population density within the same census
tract remains consistent regardless of location. We then recalculated the population density
for these mismatched groups based on their respective area portions. This estimation had

minimal impact on detecting low-population areas.

Model Validation

The model was challenged and well-validated through three methods. First, the overall in-
undation was qualitatively compared with one Sentinel-2 image, which was the only satellite
product with an acceptable cloud cover during this flooding event. We used the water in-
dices AWEIsh”? to extract the inundation area and set a 15-cm water depth threshold to
consider a wet cell®0 and quantify the inundation area. The “Hit rate” for the DTM and DSM
modeling results is 0.51 and 0.68, respectively, indicating positive correspondence. This
suggests the model adeptly captures the river channel expansion, even though there is a
tendency to overpredict the flood severity, particularly in urban areas. This overprediction
aligns with expectations since the model excludes infiltration and drainage networks.

Second, we used the model skill metric (MSM) to assess the modeling performance of
the river discharge and surface elevation8'. The MSMs’ results consistently exceed 90%,
affirming the model’s exceptional ability to reproduce river hydrodynamics accurately.

Last, we used drone images with landmarks to compare the actual inundation extent
with the model’s predictions. This analysis revealed a strong alignment between the ob-
served and modeled inundation areas, indicating the model’'s accuracy in representing real-

world conditions.
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Data, Materials, and Software Availability

All data and codes are available at 10.5281/zenodo.1705541582 to reproduce our results.
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